With increasing stress on our water resources and recent waterborne disease outbreaks, understanding the epidemiology of waterborne pathogens is crucial to build surveillance systems.
INTRODUCTION
Surveillance of water for microbiological pathogens has traditionally involved the use of indicator organisms Environmental Protection Agency ). Consequently, many people in North America and around the world consume groundwater from private wells for which public health is not protected through legislation. Those consuming groundwater without regular testing may be at risk for waterborne disease.
The testing provided by provincial or state laboratories can be used as a foundation of a surveillance plan for microbial water quality, but baseline levels including seasonality and trends need to be established for comparison to future levels. In addition, it is important to understand the current spatial distributions of contamination in order to effectively interpret potential outbreak data (Hay et al. ) and determine how future climatic changes may alter the distribution of waterborne pathogen risks and outbreaks (Bezirtzoglou et al. ; Galway et al. ) . Passive data collection, often referred to as passive surveillance, is an economically advantageous method of sampling a large population, or developing a large dataset over a number of years, where active collection may not be feasible or affordable. Although passive data collection can have its drawbacks, such as self-selection bias or incomplete sampling, it is reported to have excellent sensitivity when the dataset is large enough, even if disease prevalence is low (Craighead et al. ) .
With the advance of more user-friendly geographical information systems in the late 1990s, spatial analysis of epidemiological data has become a key tool for visualizing disease processes spatially, tracing the sources of disease and identifying areas with greater risk of disease (Stevenson et al. ) . Spatial analysis methods in epidemiology include simple spatial visualization of health indicator patterns, local and global disease/pathogen cluster detection methods, spatial interpolation, spatial risk assessment and regression models which incorporate spatial dependency (Stevenson et al. ) . These methods have been applied to water contamination research worldwide. The city of Puri, India, used point sampling of water wells and interpolation to create contour maps of groundwater levels in pre-and post-monsoon conditions and identify the seasonal patterns and distribution of bacterial and chemical contaminants (Vijay et al. ) . The results allowed the authors to make several suggestions to reduce future water contamination. In Canada, a 2013 study of Ontario private well water used a spatial scan statistic methodology employing a circular window to identify spatial clusters of E. coli-positive wells (Krolik et al. ) . Greater Vancouver, British Columbia used a number of variables including intrinsic aquifer susceptibility, well location records, digital elevation models, land use data and known groundwater contamination sites to create a risk map for water sources in the area. This project also produced a relative risk map, but this map was based on potential risk factors, not on actual contamination outcomes, and focused on a much smaller geographical area (Simpson et al. ) .
Relative risk maps, also referred to as excess rate maps, are used to demonstrate areas of higher or lower risk for disease (Anselin et al. ) . Using the overall mean rate of disease for a large region, an expected rate for smaller regions within the large region, such as counties, can be calculated based on the population in each county. The ratio of expected versus actual cases allows a measure of relative risk in each county compared to neighbouring counties (Anselin et al. ) . This methodology has been used to identify areas at risk for gastrointestinal illness in Northern 
).
The objectives of this study were to investigate the use of relative risk mapping and time series analysis to establish baseline levels of contamination of rural groundwater with E. coli and total coliforms in the province of Alberta, Canada as a case study, and to explore the use of passive collection of voluntary water sample submissions as a tool for continued water surveillance activities. Specifically, we aimed to: (1) use spatiotemporal techniques to detect patterns in passively collected water contamination data; (2) test if patterns of contamination were spatially and temporally structured, and to what extent; (3) describe methodology for determining baseline levels of contamination and seasonality, as well as areas of greater or lower risk using spatiotemporal analysis and relative risk mapping techniques.
METHODS

Data sources
The study area included the entire province of Alberta, which is over 660,000 square kilometres and is located in Water ).
Water testing
Water was tested using a presence/absence enzyme substrate test for E. coli/total coliforms (Colilert ® IDEXX, Westbrook, ME, USA) according to the manufacturer's protocol (IDEXX Laboratories ). One hundred mL specimens of water were incubated with the Colilert ® product for 24 hours at 35 ± 0.5 W C. Water samples collected >24 hours before delivery to the laboratory were not ana- 
Geolocation
Geographical coordinates of the submission data were derived from the Alberta Township Survey (ATS) System, a system for locating parcels of land in Alberta (Alberta Environment and Parks ). Each parcel is located by the closest meridian on its eastern side (the 4th, 5th or 6th), as well as its range, township, section and quarter section. This information allows a parcel of land to be georeferenced to a resolution of 1 quarter section (∼800 × 800 m or 0.65 km 2 ) (Alberta Environment and Parks ). In addition, Alberta Health Services (the government administrative body for health in the Province of Alberta) has divided the province into nine geographical health regions and this information was also used for mapping purposes.
Frequency of contamination, overall and by water source
Samples were categorized as being submitted by a private landowner or by a public unregulated system. Public systems included in this study were defined according to In order to mitigate the bias presented by the repeated testing of these data for the remainder of the analysis, the tests were aggregated by quarter section. One positive test within the quarter section during a month was counted as a positive outcome for that quarter section month.
Spatiotemporal analysis
The Services administrative areas, and a separate time series was created for each region. These regions were also chosen to represent the latitude and climate gradient running north to south. Edward's test for seasonality was performed using WINPEPI version 11.18 (Abramson ) and peak dates were determined for the entire province and for the three regions (Table 1) (Figure 4) . The number used for expected proportion of positives was the per cent positive for the entire province (21.4% for total coliforms and 2.4% for E. coli). The output of this calculation was then used to detect areas of higher and lower risk using distance-weighted interpolation, which provided an interpolated relative risk for polygons where no data were available. 
RESULTS
Geolocation
Repeat testing
Public wells were more often repeatedly tested with a median of two times per year (Interquartile Range (IQR) Figure 3 ).
Using the quarter section/month aggregated data, an area of high relative risk of E. coli contamination (Figure 4) was found in the south (ranging from 2.4 to 3.4) and three areas of higher relative risk were found in the north (one at 1.6-2.1, one at 1.7-2.3 and one at 1.6-3.2). The total coliforms relative risk map had a more uniform appearance with higher risk areas in the same locations as the E. coli relative risk map, but the risk levels were lower with a maximum relative risk of 1.6 ( Figure 4 ).
DISCUSSION
Overall, use of these techniques to assess routine test data from across a broad region provides a basis for a framework for routine, passively collected surveillance data, giving insight about seasonality, temporality and geographical tested for microbial contamination on at least a yearly basis (Summers ). As a result of the higher contamination rates, private well owners do appear to be more at risk than public well users, so encouraging private well owners to test more frequently and providing more educational opportunities for private well owners may be of value.
Limitations of this study include the previously mentioned, largely voluntary nature of the test samples, allowing inference only to this population of tested well water samples, and the inability to geolocate all samples.
In addition, private samples were better represented in the relative risk maps because it was possible to geolocate more private samples (81.1%, n ¼ 72,603) than public samples (50.0%, n ¼ 44,994), and this increased the contamination rates as private well water samples had higher contamination than public well water samples. The ability to geolocate all the samples may have changed the map and, potentially, the location of higher risk areas.
CONCLUSIONS
Using geolocation with empirical Bayes smoothing with a substantial, passively collected database of water tests, we were able to successfully identify new areas of concern in addition to corroboration of previously identified hot spots of contamination. This kind of information can be used by decision-makers to create targeted surveillance in these high-risk areas. Coordinates such as 
